Patents have been one of the main topics investigated in several fields of scientific literature. Currently, data about patents is rapidly increasing, and the adoption of data mining and big-data-centred approaches to investigating them appears compulsory. Among these last approaches, social network analysis (SNA) is extremely promising. In this paper, we propose an SNA-based approach to extracting knowledge patterns about patent inventors and their collaborations. Our approach is extremely general and can be exploited to investigate patents of any country. It allows the analysis of some 24
Introduction
Patents have been one of the main topics investigated in several fields of scientific literature (Abbas et al., 2014; Lubango, 2015; Wagner and Leydesdorff, 2005; Forti et al., 2013; Ejermo and Karlsson, 2006; Sternitzke et al., 2008) . In fact, they provide a wealth of useful information on the state of art and on the protagonists of a research and development (R&D) sector (World Intellectual Property Organization, 2009; Balconi et al., 2002; Fontana et al., 2013; Guellec and van Pottelsberghe de la Potterie, 2001; Hingley and Bas, 2009; Hsueh and Wang, 2009; Lissoni, 2012; 33, Landini et al., 2015; Miguélez and Moreno, 2013; Singh, 2008; Lubango, 2015) . Patent submission is usually the first public claim of a new invention or innovation.
The investigation about both inventors and the patents submitted by them has appealed many researchers and economists, mainly in the last 15 years, and the interest on this topic has substantially increased over time.
Patent analysis can represent a useful tool for investigating the scientific development of a country. Moreover, understanding innovation evolution can allow decision makers to decide where it is better to concentrate investments. Furthermore, knowledge about patents allows decision makers to know the experiences of other (possibly competitor) organisation/institutions/countries to verify the past and the current R&D activities and evolutions and to foresee the future ones. Finally, it provides a precise and detailed picture of the R&D cooperations between different organisations and/or countries and can represent an indicator of geo-political evolutions.
Several approaches for patent analysis have been proposed in the past. Most of them were based on classical statistics. However, currently, data about patents is rapidly increasing. As a consequence, the adoption of data mining and big-data-centred techniques appears compulsory. Among these last techniques, social network analysis (SNA) appears particularly adequate (Wasserman and Faust, 1994; Barabási et al., 2002; Albert and Barabási, 2002; Clauset et al., 2004 Clauset et al., , 2009 Leicht et al., 2006; Newman and Leicht, 2007; Zardi et al., 2016) . In fact, SNA allows the investigation of phenomena where involved data are huge and adopted variables are strictly related to each other, in which case classical statistical approaches present several difficulties to operate (Tsvetovat and Kouznetsov, 2011) .
As a confirmation of the suitability of SNA for patent investigation, in the past, several approaches have been proposed in this sense [see, for instance, Balconi et al. (2002) , Wagner and Leydesdorff (2005) , Forti et al. (2013) , 17 Ejermo and Karlsson (2006) , Hsueh and Wang (2009) and Sternitzke et al. (2008) ].
This paper aims at providing a contribution in this setting. In particular, it proposes a new SNA-based approach (accompanied by suitable data structures and innovative parameters) to extracting knowledge patterns about patent inventors and their relationships. The most important support data structure (already introduced in the past literature) is a social network whose nodes represent inventors and whose edges denote co-inventorship relations. Starting from it, other support data structures (some of which were never defined in the literature) and accompanying parameters are introduced.
Our approach can answer the following research questions:
• RQ1: what is the distribution of patents against inventors?
• RQ2: how the number of inventors and their cooperation degree evolve over time?
• RQ3: do cliques of inventors exist in some countries?
• RQ4: with whom and how inventors cooperate?
• RQ5: what about the neighbours of inventors?
• RQ6: do power inventors exist?
• RQ7: does a backbone of power inventors exist?
• RQ8: what are the main characteristics of the neighbours of power inventors?
• RQ9: how are patents distributed against IPC classes 1?
• RQ10: how are foreign collaborations distributed against IPC classes?
Answering these research questions led us to extract several knowledge patterns about patents, inventors, R&D scenarios and, ultimately, innovation geography. Certainly, this is a valuable contribution of this paper. However, the same paper provides several other contributions and, in our opinion, some of them are extremely important. Indeed:
• It presents a general SNA-based approach that can be applied to extract knowledge about relationships among inventors and patents for any country.
• It redefines some SNA metrics in such a way as to make them suitable for this application scenario.
• It defines new metrics about patent inventors (such as the 'aggregation coefficient' of inventors) not presented in the past.
• It introduces the concept of 'power inventor' and provides a method to determine the power inventors of each country.
• It defines new data structures (such as the clique social network and the power inventor social network) allowing the extraction of interesting knowledge about power inventors.
• It provides both a visual and a quantitative method to determine the core power inventors (if they exist) of a given country.
Data about patents exploited in our investigation derive from PATSTAT-CRIOS database (Coffano and Tarasconi, 2014) . This is a large dataset about patents constructed and maintained by the centre of research and innovation, organisation and strategy (CRIOS) at Bocconi University. It stores patent data, from 1978 to 2014, coming from about 90 patent offices worldwide, including, of course, and the most important and largest ones, such as European patent office (EPO) and US patent and trademark office (USPTO). The algorithms implementing our approach are in Python (2016) and the underlying DBMS is MongoDB (2016). As a consequence, our approach is already compliant with big data technology and, therefore, can support very large investigations.
The plan of this paper is as follows. In Section 2, we describe our data sources and the pre-processing step. In Section 3, we illustrate our approach and we show how it can answer the research questions introduced above. In Section 4 we present related approaches and illustrate the main novelties of our approach w.r.t. them. Finally, in Section 5, we draw our conclusion.
Data sources and pre-processing
Data about patents exploited in our investigations derive from PATSTAT-CRIOS database (Coffano and Tarasconi, 2014) . This is a large dataset about patents constructed and maintained by CRIOS at Bocconi University. PATSTAT (i.e., EPO world wide PATentSTATistical database) is a single patent statistics raw database, held by EPO and developed in cooperation with the World Intellectual Property Organization (WIPO), the OECD and Eurostat. PATSTAT provides data about all patents, from 1978 to 2014, coming from about 90 patent offices worldwide, including, of course, the most important and largest ones, such as EPO and USPTO. A major problem with PATSTAT is that data is provided in a raw format. Hence, data coming from PATSTAT has been elaborated by CRIOS to produce a cleaned and harmonised database.
PATSTAT-CRIOS database includes the full set of bibliographic variables concerning each patent application. In particular, it stores priority, application and publication number and dates, title and abstract, designated states for protection, status of application, main and secondary international patent classification (IPC) codes, applicant's name and address, inventors' names and addresses, references (citations) to prior-art patents and to non-patent literature, as well as file index (FI) concordance tables to convert IPC codes into more aggregated and manageable technological classes or nomenclature of units for territorial statistics (NUTS3).
In order to carry out our investigations, we needed to perform a pre-processing activity on available data. For this purpose, we exploited the framework R (The R Project for Statistical Computing, 2016). Our pre-processing task consisted of the following steps:
• Data extraction. During this step, we selected all the tables of PATSTAT-CRIOS database necessary for our investigation. These tables concerned patents and inventors. Furthermore, we removed from them all the attributes that appeared unnecessary and redundant. In this way, we strongly reduced the dimension of data to process.
• Data normalisation. During this step, we removed some in homogeneities concerning the fields of some data types, i.e., strings and dates.
• Data aggregation. During this step, we performed a data integration activity in such a way that all data about a concept are stored in a unique collection.
• Data loading. During this step, we loaded available data (represented in the CSV format) into a MongoDB (2016) final database, which we subsequently exploited for the knowledge extraction activity.
At the end of the pre-processing task, we reduced the amount of data to investigate from 12.5 GB (which is the current dimension of PATSTAT-CRIOS database) to 2.5 GB.
Approach description and knowledge pattern extraction
In this section, we present our approach, along with its support data structures and parameters, and we show how it can answer the ten research questions mentioned in the Introduction. However, before starting our presentation, we must define some sets allowing the formalisation of data at our disposal.
The first set regards IPC classes. It consists of the following elements:
where 'ICT' (risp., 'INS', 'CM', 'PB', 'IP', 'ME', 'CE') denotes 'information and communication technologies' (risp., 'instruments', 'chemicals and materials', 'pharmaceuticals and biotechnology', 'industrial processes', 'mechanical engineering', 'civil engineering').
The second set, called Pat, represents all the patents registered in our database. Given a patent p ∈ Pat, we indicate with inventors p the set of its inventors, and with classes p the set of the IPC classes it belongs to. Now, we can define:
• The set Pat k of the patents filed by at least one inventor of the country k.
• The set Pat q of the patents belonging to the IPC class q.
• The subset
Pat of Pat k whose elements refer to the IPC class q.
Finally, we define a social network that represents our main support data structure for our investigations. Specifically, it is represented by:
N indicates the set of nodes of G. A node n i ∈ N corresponds to exactly one inventor registered in our database. Since there is a biunique correspondence between a node of N and the corresponding inventor, in the following we will use the symbol n i to denote both of them. A label is associated with each node of N; it represents the country of the corresponding inventor. We denote by l i the label of n i . E is the set of the edges of G.
There exists an edge e ij = (n i , n j , w ij ) ∈ E if there exists at least one patent filed by both n i and n j . w ij is the weight of e ij ; it denotes the number of patents filed by both n i and n j . Starting from this support data structure, we can define some sets representing the neighbourhood of a node in G. Specifically, we define the direct neighbourhood nbh i of a node n i ∈ G as the set of the nodes of G directly connected to n i . Then, we can define the set (resp., )
nbh nbh of the direct neighbours of n i belonging to the same country as (resp., a country different from) the one of n i . Finally, we define the set N k of the nodes (i.e., inventors) of a country k.
As previously pointed out, the amount of data to process, along with the objective to define a general approach that can be adopted also in the future (when available data about patents will enormously grow), led us to exploit big data technology. In particular, we adopted the MongoDB (2016) DBMS. We also adopted NetworkX (2016), a powerful Python library providing all the basic algorithms for SNA. NetworkX can interact with MongoDB via Python. Thanks to the flexibility and the power of this last language, we could easily exploit the basicSNAfunctions provided by NetworkX to construct the (often very complex) algorithms underlying our parameters and knowledge extraction tasks.
In the following, we answer the ten research questions, one per subsection. In carrying out this task, we introduce new metrics, parameters and data structures; we also derive several knowledge patterns.
RQ1: what is the distribution of patents against inventors?
To answer this question, given a node n i , we defined a metric M 1 such that 1i M denotes how much patents were filed by the inventor n i . This metric coincides with the classical weighted degree centrality (Hanneman and Riddle, 2005 For most of these countries, M 1 follows a power law distribution. This implies that, in the corresponding countries, there are few inventors filing many patents and many inventors filing very few patents. For instance, in Figure 1 , we show the distribution of M 1 for France. Some countries (i.e., Greece, Croatia, Principate of Monaco, Slovenia, Turkey and all countries of BRICS) show a slightly disturbed power law. For instance, in Figure 1 , we show the distribution of M 1 for Greece. This result is motivated by the fact that, in these countries, the maximum number of inventors and filed patents is quite low. Other countries (i.e., Egypt, Lebanon, Malta, Morocco and Tunisia) present a disturbed power law. For instance, in Figure 2 , we show the distribution of M 1 for Egypt. Also in this case, the obtained trend is justified by the low number of inventors and filed patents in the corresponding countries. Finally, for some countries (i.e., Albania, Algeria, Libya and Montenegro), the distribution of M 1 is totally different from a power law. In some cases, even a linear distribution can be observed. For instance, in Figure 2 , we show the distribution of M 1 for Algeria. For all the cases in which the distribution of M 1 is totally different from a more or less disturbed power law, the number of inventors and filed patents is so scarce to make little significant and unreliable any investigation about them. To answer this question, given a country k, first we constructed a support social network:
The set N k was defined previously. There exists an edge e ij = (n i , n j ) ∈ E k if both n i and n j belong to N k .
After this, we computed the temporal evolution of the number of nodes |N k |, the number of edges |E k | and the density D k for G k .
The computation of these parameters is important to understand the temporal evolution of both the inventors of a given country and their collaborations. Generally, all countries into consideration present a growing number of nodes and edges against years. Some countries (e.g., those of BRICS, South Korea, Taiwan, Turkey and Israel) present an exponential growth. For instance, in Figure 3 , we show the trend of the number of nodes for China. From the analysis of this figure, we can observe that this number grows exponentially, with a sudden rise from 2002. If we continue to analyse China, and we consider the number of edges against time (quantifying the level of cooperation among inventors), we observe an analogous trend, i.e., an exponential rise starting from 2002, as shown in Figure 3 .
Most of the EU countries, instead, show an increasing linear trend. For instance, in Figure 4 , we show the trend of the number of nodes for Italy. From the analysis of this figure, we can observe that this significantly grows up to 2008. After this year, the trend is roughly constant. In an analogous fashion, also the number of edges shows an increasing linear trend up to 2008 and has stalled from 2008 onwards (see, again, Figure  4 ). North African countries and some EU ones show, instead, a growing but irregular trend.
As for density D, it generally decreases. This behaviour can be explained by the fact that the value of the density of a network is inversely proportional to the square of the number of nodes. To obtain a constant trend against time, it would be necessary that the number of edges grows proportionally to the square of the number of nodes, which is unthinkable in real scenarios. As an example, in Figure 5 , we show the trend of D for China and Italy. Observe that the decrease is more marked for China than for Italy. This is justified by the fact that the increase of the number of nodes was exponential for China and linear for Italy (see, Figures 3 and 4 ).
RQ3: do cliques of inventors exist in some countries?
In SNA, a clique is a sub-graph where every node is adjacent to every other. In our scenario, it is an indicator of a compact group of inventors, who cooperate each other intensively.
To answer RQ3, we initially computed the distribution of the dimension of cliques of the social network G k for the countries of interest. In fact, since, in a clique, all nodes are totally connected to each other, the dimension of a clique can be considered as a valid metric to understand how much the inventors of a given country tend to form more or less large work groups. The general trend we found for this phenomenon is the one of a power law with a dimension of the maximum clique different in the different countries. For instance, in Figure 6 , we report the distribution of cliques for Japan and United Kingdom. In both cases, there is a power law distribution, with a different maximum number of cliques. In fact, in spite Japan has a number of nodes much higher than UK, the dimension of its maximum clique is lower than the one of UK.
A case of particular interest is represented by Israel, which presents a maximum dimension of cliques equal to seven. This is a very high value if we consider that the number of Israelis inventors (i.e., 30,358) is much lower than the one of Japan (i.e., 924,554) and UK (i.e., 231,128) inventors. To capture and quantify this last observation, we decided to define a parameter that indicates how much the inventors of a country k are aggregated in cliques. The previous result suggests that the difficulty to have larger and larger cliques grows exponentially. Therefore, to define a corresponding index, we judged suitable to consider only the cliques of maximum, sub-maximum and sub-sub-maximum dimension, as well as to assign an exponentially decreasing weight to these cliques. Specifically, to define the aggregation index Agg k of inventors on cliques for the country k, we have preliminarily defined 1 the maximum clique C k of the country k 2 the dimension |C k | of this clique 3 the number v x of cliques having dimension x.
Agg k is defined as:
. Table 1 , we report the dimension of the maximum, sub-maximum and sub-maximum cliques for several countries, along with the value of the corresponding aggregation index. We decided to organise this table in such a way as to group countries having a similar number of inventors. For this reason, we divided it in three parts: the first for countries having less than 35,000 inventors, the second for countries having a number of inventors between 40,000 and 65,000, and the third for countries having more than 110,000 inventors.
Table 1
Values of Agg k for several countries In the first sub-table, the country having the highest aggregation index is Taiwan. This result can be explained by observing that, even if Taiwan has a number of nodes quite low w.r.t. that of the other countries of this sub-table, it has a high number of cliques of maximum, sub-maximum and sub-sub-maximum dimension. In this sub-table, India has the lowest value of Agg k ; in fact, despite the number of cliques of sub-maximum dimension is high, there is only one clique of maximum dimension and no clique of sub-sub-maximum dimension. Analogous reasoning can be made for the second sub-table, where the country with the highest (resp., lowest) value of Agg k is Spain (resp., Belgium). As for the third sub-table, we can observe that the values of Agg k are generally small. The highest value is reached by South Korea that, even if it has much less inventors than UK and Japan, presents a dimension of maximum clique equal to the one of UK and even higher than the one of Japan. In Figure 7 , we report a map providing an intuitive visualisation of the values of Agg k for the countries reported in Table 1 . Table 1 (see online version for colours)
RQ4: with whom and how inventors cooperate?
This RQ aims at analysing the distribution of the countries with which a given country mostly cooperates (at least, as far as patents are concerned). To answer this question, given a country k, for each node n i ∈ N k , we considered .
nbh Then, we computed the distribution of countries which the nodes associated with these neighbourhoods belonged to. We performed this analysis for all Mediterranean countries, for the countries of BRICS and for some EU and North African countries. In particular, we focused our attention mainly on some past colonies. In Figures 8 and 9 , we show the results obtained for some French past colonies (e.g., Algeria, Morocco and Tunisia) and for a British past colony (e.g., Egypt).
As one would expect, most of the inventors of Algeria, Morocco and Tunisia cooperate mainly with French inventors. As a further interesting observation, for both Morocco and Tunisia, beside cooperation with France, there is a significant cooperation with Germany. This does not happen for Algeria, where the distribution with non-French inventors is 'pulverised'. Now, we focus on Egypt, which (we recall) is a British past colony. Differently from Algeria, Morocco and Tunisia, we observe that Egyptian inventors do not show a prevalent collaboration with inventors of their motherland (i.e., UK -GB in Figure 9 ). In fact, the highest number of collaborations can be found with inventors of United States, Germany and France. Interestingly, there is a good contribution with inventors coming from Saudi Arabia. This result is a confirmation of a study about research cooperation in North African countries reported in Leicht et al. (2006) . In Figure 10 , we show the results obtained for Israel. In this case, we can observe a strong cooperation with US inventors and, beside them, with German ones. In Figures 10 and 11 , we show the results obtained for Austria and Slovenia. From the analysis of this figures it is possible to observe that, for both these countries, most of foreign collaborations are performed with German inventors. In particular, as for Slovenian inventors, we can observe a high concentration of collaborations with inventors coming from Germany and Austria (as evidence of the very strong links between Slovenia and German-speaking countries dating to the period of the Austro-Hungarian Empire) and, to a lesser extent, with inventors from Croatia. Finally, we focused on Taiwan. The corresponding results are shown in Figure 11 . From their analysis, we can see that the country with which Taiwan inventors mostly cooperate is China. This result is quite surprising if we consider the quite conflicting political relations between these two countries after the Second World War. After this first activity, we computed the variety level of the countries, which the inventors of a country k cooperate with. Drawing on a measure of biodiversity introduced by Simpson (1949) , we build an indicator of the internationalisation level of the inventor teams relying on cross-patent data. Such indicator was used to conduct an explorative empirical analysis of the trends and the features in research groups' internationalisation level using data from the worldwide patent statistical database. It was also adopted to measure the size of firms in relation to the industry and the amount of competition among them, and is known as Herfindahl index. As far as this research question is concerned, the Herfindahl index HI k indicates if the inventors of a given country privilege collaborations with the inventors of one or more foreign countries. The higher the Herfindahl index of a country k, the more concentrated the external collaborations of k. The values of the Herfindahl index obtained for several countries are reported in the second column of Table 2 . Table 2 (see online version for colours) Figure 12 , we report a map providing an intuitive visualisation of the values of HI for the countries reported in Table 2 . Actually, this definition of the Herfindahl index has a weak point in that the obtained value could be strongly distorted by the presence of a large number of extemporaneous collaborations between an inventor of k and an inventor of another country, who cooperated for one or two patents only. Taking the power law trend, typical of the measures in our reference scenario, we thought to use a modified version of the Herfindahl index obtained by limiting the countries into consideration to the top 80%. In this way, the tail of the power law distribution, which is the main cause of the distortions mentioned above, is removed. The obtained results are reported in the third column of Table 2 .
From the analysis of this table, we can observe that values obtained in this way are slightly higher than the ones obtained previously. Libya represents an exception in these results since, for this country, the values obtained with this new definition are much higher than the ones obtained previously. This fact is due to the extremely low number of Lybian patents, which makes any result about this country unreliable.
Nevertheless, a problem is still present. In fact, owing to its definition, the Herfindahl index ranges in the interval 1 , 1 ,
where FCntr k denotes the set of the countries having at least one inventor that filed a patent with at least one inventor of the country k. As a consequence, the range of values of this index differs from one country to another. Owing to this fact, the comparison of the values of the Herfindahl index for different countries could produce distorted results. To avoid this problem, and to make sure that the range of the values of the Herfindahl index is identical for all countries, we decided to adopt the modified version of the Herfindahl index * k HI proposed in Hall (2005) . The obtained results are reported in the four column of Table 2 . For most countries, obtained values of HI * are very similar to (more precisely, slightly lower than) the ones obtained after the first refinement. Also in this case, Libya is an exception. The reason for this fact is the same as the one we discussed previously.
RQ5: what about the 'neighbours' of inventors?
To answer this question, first we defined a new metric M 2 such that 2i
M indicates the dimension of the neighbourhood of n i . M 2 is effective for helping us to understand how much the inventors of a given country k tend to cooperate for filing patents. We measured this metric for the same countries considered in RQ4. For most of them, it follows quite a disturbed power law distribution. For instance, in Figure 13 , we show the distribution of M 2 for Brazil. It presents a peak for a value of M 2 between zero and ten. The only country presenting a perfect power law distribution is Austria, as shown in Figure 13 . After this, we investigated the level of cooperation with foreign colleagues for the inventors of a given country k. For this purpose, we defined a metric M 3 such that 3k M denotes the average fraction of foreign collaborations carried out by investors of k. Actually, M 3 allows us to understand how much the inventors of k tend to cooperate with foreign colleagues. It ranges between zero and one; the higher M 3 the higher the tendency of the inventors of k to cooperate with foreign ones.
We computed the trend of M 3 over time for several countries to understand if (and, in the affirmative case, how much) a given country has become international over time. As for this analysis, we considered some EU countries, some countries of BRICS, some North African countries, South Korea and Taiwan.
Obtained results are very heterogeneous. Some countries (e.g., Spain, Taiwan, South Korea, China and Brazil) present a generally decreasing trend. As an example, in Figure  14 , we report the trend of M 3 for South Korea. From the analysis of this figure, we can observe that, in the last years, South Korean inventors tend to cooperate more and more with internal ones. Other countries (e.g., Austria, Italy and South Africa), instead, present an increasing trend for this measure. For instance, in Figure 14 , we show the trend of M 3 for Austria. From the analysis of this figure, we can observe that, in the last 20 years, Austrian inventors tend to internationalise more and more. Finally, other countries present quite an irregular trend for M 3 , characterised by the presence of peaks and decays over time. For instance, in Figure 15 , we show the trend of M 3 for Romania.
RQ6: do power inventors exist?
To answer this question, we had to preliminarily specify who is a 'power inventor'. With regard to this definition, we point out that we do not aim at proposing a new concept characterised by a mathematical foundation supporting it. Instead, we would like to introduce an informal and empirical, yet reasonable, concept, which can give a picture about this phenomenon and can support the extraction of innovation geography knowledge patterns about it. Taking this premise into account, we defined a 'power inventor' as an inventor that fulfils the following conditions:
• C 1 : she files many patents
• C 2 : she has a lot of collaborations
• C 3 : she has an international feel, which implies that she cooperates very much with inventors of foreign countries.
The reasoning underlying these conditions is the following:
• If an inventor filed very few patents, even if all of them were in cooperation with foreign inventors, she cannot have such a weight to influence the scenario of her country.
• If an inventor filed many patents, but all of them were in cooperation with few inventors, she would not have the capability (fundamental for power inventors) to stimulate, through collaborations, other inventors to file patents.
• If an inventor filed many patents, but all of them were in cooperation with inventors of her countries, she would certainly be an important protagonist in her country, but she would not have the capability (fundamental for power inventors) to stimulate contacts with foreign countries.
To the best of our knowledge, the term 'power inventor', or a concept analogous to it, has not been previously introduced in the literature. A metric for evaluating condition C 1 (resp., C 2 ) is the metric M 1 (resp., M 2 ) defined in Section 3.1 (resp., Section 3.5). A metric for evaluating condition C 3 (we call M 4 this metric in the following) is analogous to M 2 except that nbh i is substituted by ,
nbh since C 3 is focused on collaborations with foreign countries. Interestingly, M 2 and M 3 are analogous to E-I index (Hanneman and Riddle, 2005) .
We measured M 4 for the Euro-Mediterranean countries, the North African ones and, finally, the countries of BRICS. For most of these countries, M 4 follows a power law distribution. As an example, in Figure 16 , we show the distribution of M 4 for France. Some countries (e.g., Greece, Turkey and Principate of Monaco) present a slightly disturbed power law distribution for M4. For instance, in Figure 16 , we show the distribution of M 4 for Greece. For other countries, such as Morocco, Slovenia, Tunisia, Croatia, Cyprus and Egypt, M 4 follows a disturbed power law distribution. For instance, in Figure 17 , we show the distribution of M4 for Croatia. Finally, for other countries, like Syria, Albania, Algeria, Bosnia-Herzegovina, Lebanon, Libya and Malta, M 4 does not follow a power law distribution. As an example, in Figure 17 , we show the distribution ofM4 for Malta. This last case refers to countries having a very low number of collaborations with foreign countries, which makes any analysis for them not reliable.
Taking all these considerations into account, the set X k P of the power inventors of a country k can be defined as the set of those inventors simultaneously belonging to the top X% of the inventors with the highest values of M 1 , M 2 and M 4 .
As previously pointed out, M 1 , M 2 and M 4 generally follow a power law (possibly disturbed) distribution. Since available data are huge, and since the power law distributions characterising M 1 , M 2 and M 4 are generally steep, we decided to consider a low value for X and we set X = 5. As a consequence, in the following, when X is not specified, we intend that it is equal to five. 
RQ7: does a backbone of power inventors exist?
To answer this question, first we constructed a support data structure that we called power inventor social network. Given a country k, it is defined as:
where P k is the set of the power inventors of k (see Section 3.6) and k E P = {(n i , n j , w ij )|n i , n j ∈ P k , w ij is the number of patents filed by n i and n j together}. Then we computed:
• The aggregation index Agg k related to the inventors of k.
• The aggregation index k Agg P related to the power inventors of k.
• The fraction f k of the nodes of N k belonging to at least one clique of G k having a dimension greater than or equal to three.
• The fraction k f P of the nodes of P k belonging to at least one clique of k G P having a dimension greater than or equal to three.
• The ratio ; The values of these last two parameters for some countries are reported in Table 3 . We recall that the aggregation index is an indicator of how much the inventors of a country k are aggregated in cliques. By examining Table 3 we can see that, for countries like Austria and Italy, which present the highest value of rAgg k , the corresponding power inventors are much more aggregated in cliques than the inventors of their countries. As for rf k , we can note that the corresponding values are quite homogeneous and range between three and seven. Since, for all countries, both rAgg k and rf k present values higher or much higher than one, we can undoubtedly conclude that, in each country, there exists a backbone among power inventors. In Figure 18 , we report a map providing an intuitive visualisation of the values of rAgg k for the countries reported in Table 3 . indicates that n i and n j simultaneously belong to at least one clique of CS k . In Figure 19 , we present the clique social network of Spain. As shown in this figure, we can observe that this social network is characterised by a particular dense core denoting that, in this country, there is a group of particularly active inventors, who often cooperate each other. In Figure 20 , we show the clique social network of Israel. In this case there is not a dense core but, on the contrary, there are several nodes whose dimension is generally smaller than the ones belonging to the core of Spain. Now, we want to define some parameters providing a quantitative measure of what an expert could visually capture by observing clique social networks. In particular, in Table 4 , we report the number of nodes, the number of edges and the density of the clique social networks for some countries. From the analysis of this table, we can see, for instance, that France and Italy have the lowest values of density. This can be explained by observing that both these two countries have many nodes only partially connected to each other. By contrast, Brazil has a very low number of nodes and edges but, at the same time, the highest density among the countries into consideration. This denotes that Brazilian power inventors are strongly connected to each other. In Figures 21, 22 and 23, we report some maps providing an intuitive visualisation of the number of nodes, the number of edges and the density of the clique social networks of the countries reported in Table 4 .
Figure 21
Visualisation of the number of nodes of the clique social networks of the countries reported in Table 4 (see online version for colours)
Figure 22
Visualisation of the number of edges of the clique social networks of the countries reported in Table 4 (see online version for colours)
Figure 23
Visualisation of the density of the clique social networks of the countries reported in Table 4 (see online version for colours)
RQ8: what are the main characteristics of the neighbours of power inventors?
To answer this question, we focused on two parameters. The first, called
represents the average number of patents filed by the neighbours of the power inventors of a country k. Given a country k. This metric can represent an important support to understand how the cooperation with a power inventor is beneficial for a given inventor. In fact, high values of this metric indicate that being in the neighbourhood of a power inventor stimulates patent filings. In the second column of Table 5 we report the obtained values. To better investigate this issue, we considered the average number AvgPat-NumNbh k of patents filed by the neighbours of the nodes of a given country k. Obtained results are reported in the third column of Table 5 . The comparison of the second and the third columns of Table 5 clearly evidences that being in the neighbourhood of a power inventor leads to an increase of the capability of filing patents. To better quantify this intuition, we have defined the following measure:
A value of rPatNumNbh k higher than one indicates that belonging to the neighbourhood of a power inventor is beneficial for patent filing. The obtained results are reported in the fourth column of Table 5 . From the analysis of this column, we can observe that obtained values are higher than one for all countries. In some countries (e.g., Brazil and Spain), the value of rPatNumNbh k is higher than or near to three. This is clear evidence that the cooperation with power inventors leads to an increase of patent filing. In Figure 24 , we report a map providing an intuitive visualisation of the values of rPatNumNbh k for the countries reported in Table 5 .
The second parameter we considered is the average dimension k AvgDimNbh P of the neighbourhoods of a power inventor. This metric is an indicator of the importance and the centrality of a power inventor. We computed its variation over time for all the countries considered in Table 3 . For instance, in Figure 25 , we show the trend of Table 5 (see online version for colours) Then, we considered the average dimension AvgDimNbh k of the neighbourhoods of a generic node of N k ; in Figure 25 , we show the trend of this parameter over time for Spain. From the analysis of this figure, we can observe that it tends to increase over time.
Finally, we computed the ratio of the two parameters:
When rDimNbh k is higher than one, the average dimension of the neighbourhoods of power inventors is higher than the corresponding one of generic nodes. In Table 6 we report the values of rDimNbh k for several countries in the year 2013. From the analysis of this table, we can observe that the values obtained for all the countries into consideration are always higher than one and range from 1.597 (for Brazil) to 2.870 (for Taiwan). In Figure 26 , we report a map providing an intuitive visualisation of the values of rDimNbh k for the countries reported in Table 6 . Table 6 (see online version for colours) 
RQ9: how are patents distributed against IPC classes?
To answer this question, we computed the distribution of patents against IPC classes for several countries. To give an idea of obtained results, in Figure 27 , we report the distribution of patents for China and Spain, which represent two extreme cases. In fact, as for China, most of its patents belong to the class 'ICT'. By contrast, the distribution of Spanish patents is much more uniform. After this, for several countries, we computed the trend of patent distributions for IPC classes over time. For most of these countries, we observed an increasing trend against time, even if the steepness of the increase is not uniform for the different classes. For instance, in Figures 28 and 29 , we show the trend of patent distributions against IPC classes for India.
To quantify the variety of IPC classes related to the patents of a country k, we computed the corresponding Herfindahl index * , k HI modified on the basis of what suggested by Hall [27] (see Section 3.4) . In particular, we carried out this task for several countries. The corresponding results are reported in the second column of Table 7 .
From the analysis of this HI since the corresponding inventors tend to file patents mostly in one IPC classes (in particular, in 'ICT' class). In other countries (e.g., Spain) there does not exist a strongly predominant IPC class; for this reason, the corresponding * k HI is low. In Figure 30 , we report a map providing an intuitive visualisation of the values of the modified Herfindahl Index concerning the IPC classes of the countries reported in Table 7 . Finally, we computed * k HI for the only patents filed by at least one power inventor. Obtained results are shown in the third column of Table 7 . From the analysis of this column, we can observe that for Brazil, Taiwan and Spain (and, even if to a lesser extent, for China), when passing from generic nodes to power inventors, there is a significant increase of the corresponding Herfindahl index value. This implies that, in these countries, power inventors, to a much greater extent than the other nodes, tend to focus on only some IPC classes. Table 7 Modified Herfindahl index concerning the IPC classes of some countries Table 7 (see online version for colours)
RQ10: how are foreign collaborations distributed against IPC classes?
To answer this question, given a country k, we computed the distribution of foreign neighbours against IPC classes. Due to space limitations, in the following, we focus on one case that we found extremely interesting, namely Egypt. In Figures 31-34 , we show the distribution of the foreign neighbours of the Egyptian inventors for the seven IPC classes. Observe that Egyptian inventors cooperated mainly with:
1 US inventors in 'ICT', 'PB' and 'ME' classes 
Related work
In this section, we consider related literature. Specifically, first we present some approaches analysing inventor (and, more in general, researcher) collaborations. Then, we illustrate some approaches investigating patents from a data analytics point of view. Finally, we describe the main innovations of our approach with respect to the examined ones.
Analysing researcher collaborations from strategy and management viewpoint
In strategy and management literature, there is a strong evidence that research collaborations across firms and regions is a key factor for acquiring external knowledge (Singh, 2005) and promoting the creation of new knowledge (Miguélez and Moreno, 2013) . Miguélez and Moreno (2013) documents the existence of a positive correlation between cross-regional networking and innovation (at least in Europe), even though this effect is found to be less relevant than that played by regional labour mobility.
By analysing the interactions among researchers from developing and advanced countries, Montobbio and Sterzi (2011) shows that the innovative activity of Latin American countries has largely benefited from R&D performed on some OECD countries. In particular, it shows that face-to-face relationships are one of the key drivers of result. Very recently, Giuliani et al. (2016) found that cross-border inventions between BRICS firms and EU actors are growing, more valuable than domestic ones, and represent an opportunity to accumulate technology capabilities. Oyelaran-Oyeyinka et al. (1996) exploits some survey interviews to analyse which factors determine Nigerian firms to successfully or unsuccessfully adopt industrial innovation. Goedhuys (2007) analyses the learning processes and linkage behaviour of small and large, local and foreign firms in Tanzania. Furthermore, it shows how different learning mechanisms can affect product innovation. Rooks et al. (2005) exploits the answers to a questionnaire, dispensed to more than 600 firms, to assess the relative efficiency of South Africa's innovation system. Robson et al. (2009) exploits a multi-level theoretical framework for investigating innovation in Ghana. In particular, it considers the characteristics of entrepreneurs, the internal capabilities of firms, and firm location. It finds that innovation is positively related to both the entrepreneur's educational level and the firm size.
Nicholas (2009) investigates the relationship between inventors and the locations of R&D laboratories of firms. In this way, he can discover information about the technological and geographic structure of corporate knowledge capital accumulation. He identifies a strong positive effect of distance from a laboratory since he finds that the average quality of externally available inventions is high.
De (2014) presents a generalised linear framework for evaluating the optimal conditions for innovation in emerging economies. In particular, it focuses on Kenya and Uganda. It finds that, in both countries, investment on human capital and on firm internal infrastructure (technology, equipment and building) is a significant predictor of innovation. Another important question concerning innovation understands whether international flows from developed countries have some positive effect on innovative outcomes of firms in developing and less-developed countries. The importance of knowledge spillovers is well known in the literature [see, for instance, Griliches (1992) ]. Such spillovers can take place through many channels, comprising formal communication methods (such as scientific publications), or informal person-to-person contacts involving different researchers.
To investigate the impact of international knowledge flows and their effects, many studies focused on international R&D collaborations and cross-border inventions (i.e., inventions involving people coming from different countries), and on their impact on innovation quality. Two orders of consideration apply. At a theoretical level, there are some authors who argued that these collaborations can induce higher-quality innovations, thanks to the combinations of different skills and knowledge (Levinthal and March, 1993; March, 1991) . Other authors, instead, suggested that international collaborations may be not efficient as a consequence of high coordination costs and difficulties in integrating knowledge coming from different research teams (Furman et al., 2006; Grant, 1996; Singh, 2008) . At empirical level, results are mixed. Branstetter et al. (2015) investigates Indian and Chinese inventors and finds that cross-border inventions receive more citations -and, hence, are more valuable -than patents filed by inventors of only one country.
Recently, Adams et al. (2014) shows that the structure of research collaborations in Africa is inhomogeneous and is strongly constrained by multifaceted factors, such as regional geography, history, culture and language. Landini et al. (2015) shows that, also in relatively more advanced African regions (i.e., North Africa), international research collaborations are rapidly changing but, still, remarkably weak. In such an unclear context, understanding the impact of successful research collaboration among groups of African inventors and researchers from more developed countries might be crucial for policy design. In Abe and Tsumoto (2012) , propose an approach to detecting temporal linear trends of technical terms. They argue that, although the purposes of documents are not changed over time, role of terms and the relationships among them in the documents change temporally. To detect these changes, they combine an automatic term extraction method, important indices of the extracted terms, and trend identification based on linear regression analysis. In Haines and Ahsan (2010) , present a markup language based on XML well suited for the domain specific theory. This language (called TheoryML) makes the search for and analysis of relevant theories more effective. The authors show that their proposal is an essential step towards the larger goal of creating a repository for scientific theory. The initial efforts of the authors are focused on theories frequently used in management research. However, they show that their framework is also well suited for other scientific disciplines. In Zhang et al. (2010) , investigate communities in social networks. They argue that, often, communities are hierarchical and are composed of a few smaller sub-communities. Starting from these considerations, they propose a hierarchical Bayesian model based approach to discovering probabilistic, hierarchical communities in social networks. They evaluate their approach on research collaborative networks, including CiteSeer.
Finally, Kim et al. (2009) investigates the international transmission of knowledge in USA. It finds that the number of US firms that collaborate with researchers having foreign experience has increased. It also shows that these last firms have an easier access to non-US technological know-how than firms not collaborating with inventors characterised by foreign research experience.
Data analytics on patents
In this section, we present several approaches investigating patents from a data analytics viewpoint.
In Hingley and Bas (2009) , investigate the evolution of both the number of applicants and the distribution of applicant size (in terms of numbers of patents filings) for clients of EPO. They show that there is a core group of large companies that persist in making considerable number of filings. On the other side, there are applicants with a small number of filings in a year that apply intermittently. In Lubango (2015) , shows that both the links and the h-indexes of co-inventors and co-authors highly enhanced the flows of academic knowledge into industrial patents in South Africa's firms, as well as the diffusion of knowledge in large R&D and innovation clusters and hubs. He obtains this result by examining the linkages of the patents filed by South African enterprises between 1976 and 2010.
In Fontana et al. (2013) , systematically compare patented and unpatented innovations over the period 1977-2004 across industrial sectors. In this way, they can analyse the variations of patent propensity across different contexts (industries, geographical areas and organisations). In Balconi et al. (2002) , show that both classical and advanced contributions to the economics of knowledge, as well as most of the empirical research on the contributions of universities to commercial innovation, can be investigated with the support of SNA. In this case, the social networks to investigate regard cooperate researchers, academic scientists, as well as both these two communities. In Lissoni (2012) , investigates academic patenting in Europe, with a particular emphasis on inventors, instead of on applicants. The choice to analyse inventors, instead of applicants, is justified by the legal and institutional peculiarities of European countries. The author also shows that Academics significantly contribute to patenting in Europe, especially in some ICT classes. They occupy central positions in the inventor network, their patents are more original and general than the ones of non-academic researchers, but unlikely to be more highly cited.
In Wagner and Leydesdorff (2005) , hypothesise that international collaboration is a self-organising network. They exploit SNA to show that the growth of international co-authorship can be explained on the basis of the organising principle of preferential attachment, even if the attachment mechanism deviates from an ideal power-law. In Forti et al. (2013) , analyse the neighbours of a sample of academic inventors to investigate the contribution of social networks to generate inventive ideas in university. They show that the ego-networks of inventors are more cohesive than the ones of non-inventors. This is, probably, due to a greater climate of trust. The authors also show that both inventors and non-inventors extend their network and become more central over time. Finally, they find no evidence that, after patenting, inventors close their networks. In Ejermo and Karlsson (2006) , study the structure of the interregional inventor networks in Sweden. They find that several factors influence the spatial affinity of regions. In particular, they show that spatial affinity extends beyond a region if it has less own R&D-related resources, is close to the other region and is relatively small.
In Guellec and van Pottelsberghe de la Potterie (2001), present three new patent-based indicators of technology internationalisation, which reflect international cooperation in research and the location of research facilities of multinational firms. With the support of these indicators, they derive interesting knowledge about this phenomenon; for instance, they find that there is an increasing trend towards the technology globalisation in OECD area and that nordic countries have a particularly high propensity to collaborate together. In Hsueh and Wang (2009) , propose a network-based analysis of patent data. They aim at understanding how knowledge flows diffuse among institution and countries. In particular, their approach identifies the key influential players, the knowledge spillover patterns among them, and the overall knowledge spillover efficiency. They apply their framework to the field of liquid crystal display (LCD). In Ponds et al. (2010) , the authors investigate the effect of knowledge spillovers from academic research on regional innovation. They show that university-industry collaboration is not limited to a regional scale. Furthermore, they find that the impact of academic research on regional innovation is mediated not only by geographic proximity, but also by network stemming from university-industry collaboration.
In World Intellectual Property Organization (2009), WIPO presents a report-based analysis about patents on alternative energy technology. In Sternitzke et al. (2008) , apply several approaches of network analysis in the field of optoelectronics to exemplify the power of SNA. They analyse cooperation networks between inventors and applicants, emphasise bibliometric measures and network theoretical ones. Furthermore, they investigate 'boundary spanner' inventors, and, more in general, the role played by applicant position within citation networks.
Finally, in Kemeny (2011) , examines changing international technology gap over the recent period of globalisation. The analysis reveals a growing disparity between the mostand the least-sophisticated economies. Emergent specialisation patterns in advanced economies allow them to maintain, and even extend, their lead over technological latecomers, even as some developing countries are climbing up the ladder. All the results proposed in Kemeny (2011) are fully confirmed by the analyses presented in this paper.
Main innovations of our approach
Our approach presents several features that characterise it with respect to the related ones already proposed in the past.
First, differently from most of the approaches cited previously, our own does not focus on a case study (for instance, on a group of countries). By contrast, it consists of a general methodology for the extraction of several knowledge patterns about innovation geography that can be applied on any country of interest for the user.
Analogously to the approach of Lissoni (2012) , and differently from most other approaches, it investigates inventors and not applicants. The reasons underlying this choice are the same as the ones expressed in Lissoni (2012) and reside in legal and institutional peculiarities of many countries.
Furthermore, our approach redefines several metrics, which have been already introduced in SNA or in other research fields, in such a way as to make them suitable to the application context of our interest. It also redefines the concepts of 'neighbourhood', 'internal neighbourhood' and 'external neighbourhood' of an inventor, which have been previously introduced in totally different research fields [e.g., information systems (Palopoli et al., 2003) ]. As for this concept, our approach provides the suitable algorithms for computing them.
Moreover, our approach introduces the concept of power inventor and supplies a method for the computation of the power inventors of a country.
Our approach is capable of detecting the possible presence of cliques of inventors for each country (which would be a standard operation in SNA) and to exploit it for constructing a new data structure, i.e., the clique social network (which, to the best of our knowledge, has not defined in the past). Interestingly, thanks to this data structure, users are provided with both a visual and a quantitative method to verify the possible presence of core power inventors.
Furthermore, our approach introduces a further data structure, namely the power inventor social network, and exploits it to detect the possible existence of a backbone among power inventors and to verify if they tend to form cliques.
Finally, our approach defines new metrics about patent and inventor relationships not present in the past; think, for instance, of the aggregation coefficient and some parameters based on the modified Herfindahl index for the computation of the heterogeneity of the external collaborations of a country and of the variability of the IPC classes, which the patents of a country refer to.
Differently from some of the approaches mentioned above, our own does not investigate those inventors that are also professors and does not analyse patent citations. These will be topics of our further research efforts in the future.
Conclusions
In this paper, we have proposed a SNA-based approach to extracting knowledge patterns about innovation geography from a patent database. We have seen that our approach is extremely general and can be exploited to analyse patents and inventors related to any country. We have also seen how, thanks to our approach, it is possible to answer ten challenging research questions, most of which have not considered previously.
In addition to answering research questions, our approach provides several other contributions very useful in the context of patent investigation and, more in general, of innovation management. In fact:
1 It redefines some SNA metrics in such a way as to make them suitable for this application scenario.
2 It defines new metrics about inventors not presented in the past.
3 It introduces the concept of power inventor and provides a method for detecting the power inventors of each country.
4 It defines new data structures (such as the clique social network and the power inventor social network) allowing the extraction of interesting knowledge about power inventors.
5 It provides both a visual and a quantitative method to determine the possible core power inventors of a country.
In our opinion, our approach is not only the ending point of our past research activities in this field, but especially a starting point for further research efforts about patent and inventors. For instance, we are planning to define and apply new classification techniques to construct the profiles of the power inventors of a given country. Furthermore, we would like to apply information diffusion techniques to understand how much the mobility of a power inventor from one country to another can impact on the filing of new patents in these two countries. Finally, we would like to deepen the investigation about power inventors to understand, for instance:
1 What are the main causes leading a power inventor to go away from her fatherland?
2 What are the main causes leading a power inventor to file her patents in a country different from her fatherland?
Answering these questions could give important strategic suggestions to the decision makers of a country for defining strategic actions devoted to retain the inventors of their country and to favour the arrival of new ones from other countries.
